Due to the complex and variable environments of mobile communication, the mobile multiuser networks become a hot topic. To process active complex event in mobile multiuser networks, it is important to predict the system performance. In this work, the authors consider the multiuser networks which utilizes transmit antenna selection (TAS). We derive novel closed-form expressions for the outage probability (OP) in terms of the Meijer's G-function. Then, a extreme learning machine (ELM)-based OP performance prediction algorithm is proposed. We use the theoretical results to generate training data. We test back-propagation (BP) neural network, locally weighted linear regression (LWLR), wavelet neural network, ELM, and support vector machine (SVM) methods. Compared with wavelet neural network, SVM, BP neural network, and LWLR methods, the Monte-Carlo results shows that the proposed prediction algorithm can consistently achieve higher OP performance prediction results.
I. INTRODUCTION
In recent years, 5G mobile wireless network has developed rapidly [1] - [4] . 5G mobile wireless network can support higher capacity, and higher density of mobile users [5] - [7] . With the development of 5G, the mobile devices and users also dramatically increase. Mobile video has become an important mode of user entertainment [8] . The new user entertainment, and new technologies will bring new challenges to mobile multiuser networks [9] - [11] .
To improve the quality of service (QoS), multiple-input multiple-output (MIMO) and cooperative communication have been employed in mobile multiuser networks. Reference [12] investigated the outage performance of a multiuser orthogonal frequency division multiple (OFDM) system. To maximise spectral efficiency, [13] proposed two The associate editor coordinating the review of this manuscript and approving it for publication was Guan Gui . hybrid beamforming methods for multiuser MIMO-OFDM systems. The outage performance of dual-hop multiuser relay systems was investigated in [14] . The outage secrecy rate of multiuser massive MIMO relaying system was investigated in [15] .
To data, the multiuser communication is only considered for Rayleigh, and Nakagami-m fading channels. However, due to the complex and variable environments,the mobile multiuser communication is more complicated. The N-Nakagami model is adopted in mobile communication [16] - [19] . The dynamic variation characteristics of N-Nakagami channels can cause the interruption of mobile communication. To ensure QoS, it is important to predict the outage probability (OP) performance, which can predict the level of mobile transmission interruption. Because of good nonlinear prediction ability, artificial neural network (ANN) is very popular in performance prediction [20] - [24] . Extreme learning machine (ELM) is an widely used ANN model. By using ELM, a adaptive safe classification method was investigated in [25] . Reference [26] proposed an online channel estimation and equalization scheme using fully complex ELM for OFDM systems. ELM was proposed to handle the channel interpolation task in [27] . However, there is a lack of research on QoS prediction of mobile multiuser networks due to the complex and variable environments. We use OP performance to evaluate the QoS, and investigate the OP performance prediction in this paper. Based on the mathematical calculations, we derive the closedform expressions for the exact OP. The contributions are as follows:
First, considering transmit antenna selection (TAS), we investigate the mobile multiuser networks with amplifyand-forward (AF) relaying over the N-Nakagami fading channels.We derive the novel exact closed-form mathematical expressions for OP.
Secondly, we propose the ELM-based OP performance prediction algorithm. We test support vector machine (SVM), ELM, wavelet neural network, locally weighted linear regression (LWLR), and back-propagation (BP) neural network methods. Compared with wavelet neural network, SVM, LWLR, and BP neural network methods, the Monte-Carlo results shows that the proposed prediction algorithm can consistently achieve higher OP performance prediction results.
Finally, all analysis results are validated through Monte-Carlo simulations. The impact of the fading and other parameters on the OP performance is examined.
This paper is organized as follows. Section II provides the system model. Section III investigates the OP performance for the TAS scheme. A extreme learning machine (ELM)-based OP performance prediction algorithm is proposed in Section IV. Section V verifies the analytical results. In Section VI, it gives some concluding remarks.
II. THE SYSTEM MODEL
The system model is shown in Fig. 1 , which is consist of a mobile source (MS) with N t antennas, L mobile users (MU), and a mobile relay (MR). All the MU and MR equip with a single antenna.
In the first time slot, MU l and MR receive the signals as
where h k , k∈{SUil, SRi, RUl} represents the complex channel coefficient, which follows N-Nakagami distribution [16] , K is the power-allocation parameter, G SUil is the relative gain of MS i →MU l , n SRi and n SUil have mean and variance 0 and N 0 /2. In the second time slot, MU l receives the signal as
where c il is given as [28] 
MU l receives signal-to-noise ratio (SNR) as
where γ SUil is the received SNR of MS i →MU l is expressed as
γ SRUil is the received SNR of MS i →MR→MU l , which can be expressed as
where γ SRi is the received SNR of MS i →MR, and γ RUl is the received SNR of MR→MU l , G RUl is the relative gain of
As far as we know, the PDF and CDF of γ SRUil are difficulty to obtain. Adopting the method in [29] , we obtain an approximate γ SRUil . The γ SRUil is approximated as
where
In (5), the output SNR is given as
The scheduler selects the best MU, namely
For the TAS scheme, we maximize the output SNR,and w is selected as follows
III. THE OP OF THE TAS SCHEME
For the TAS scheme, the OP is defined as
where γ th is a given threshold.
The V 1 is evaluated as
where γ SU = KG SU γ and G m,n p,q [·] is the Meijer's G-function [16] .
To obtain the V 2 , we first derive the cumulative density functions (CDF) of γ SRUA. The CDF of γ SRUA is given as Next, the V 2 is obtained as
IV. OP PERFORMANCE PREDICTION BASED ON ELM A. INPUT AND OUTPUT SELECTION
The OP performance is affected significantly by m, N, V and K. We put these 17 indicators as the input X, OP performance is output y. The 17 indicators are m SR1 , m RU1 , m SU1 , N SR1 ,
− γ X is given as
B. ELM NEURAL NETWORK STRUCTURE
The ELM neural network is shown in Fig. 2 . For the input layer, there are 17 neurons. For the hidden layer, there are q neurons. For the output layer, there is 1 neuron. For the input and hidden layers, w ij is the weight coefficient, b j is the threshold value. For the hidden and output layers, v j is the weight coefficient. For the hidden layer, the input is given as
The output is given as
where f (x) is the activation function.
For the output layer, the output is given as
We can rewrite it as
where Y = [y 1 , y 2 , . . . , y P ] T ,
We define y z as output for z-th training data, d z as the desired output, and P as the number of training data. The overall output error e is given as
According to [30] , the goal of ELM is to minimize e
If P>q, the solution of (34) is given as
Or else, the solution of (34) is given as
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where PP is the number of testing data.
V. NUMERICAL RESULTS
The numerical results are provided in this section. The main parameters are set as E = 1. µ = G SU /G RU . Fig. 4 presents the OP performance of the TAS scheme. Table 1 gives the parameters employed. From Fig. 4 , the simulation results match perfectly with the analytical results. The OP is improved as N t increased. Increasing the SNR decreases the OP.
In Fig. 5 , the OP is plotted as a function of K. Table 2 gives the parameters employed. Increasing the SNR decreases the OP. When SNR = 5dB, K = 0. 99; SNR = 10dB, K = 0.99; SNR = 15dB, K = 0. 81. Fig. 6 presents the effect of L on the OP performance. Table 3 gives the parameters employed. Increasing L decreases the OP. When OP is 1×10 -3 , we increase L from 2 to 3, and we can obtain more than a 2.5dB performance gain. This kind of gain is the inherent benefit of the multiuser system.
In Figs. 7-16 , we compare ELM with wavelet neural network [31] , SVM [32] , LWLR [33] , and BP neural network [34] methods. The parameters for five different methods are given in Table 4 . From Figs. 7-16 , we obtain that the MSE of ELM is 0.0000958, which is lower than those of wavelet neural network, SVM, BP, and LWLR methods. Compared to wavelet neural network, SVM, BP neural network, and LWLR methods, the experimental results shows that the proposed prediction algorithm can consistently achieve higher OP performance prediction results. Table 5 shows the comparison for five different methods. In Table 5 , we obtain that, compared to BP, SVM, LWLR, 
VI. CONCLUSION
We investigated the OP performance for the AF relaying multiuser networks. We derived novel closed-form expressions of OP. The ELM-based OP performance prediction algorithm was proposed. Compared with BP neural network, wavelet neural network, SVM and LWLR methods, the numerical results showed that the proposed prediction algorithm can consistently achieve higher OP performance prediction results.
